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Abstract
Today‘s conurbations suﬀer from ineﬃciency in transportation systems. Bike sharing systems (BSS) combine the advantages of
public and private transportation to better exploit the given transportation infrastructure. They provide bikes for short-term trips
at automated rental stations. However, spatio-temporal variation of bike rentals leads to imbalances in the distribution of bikes,
causing full or empty stations in the course of the day. Ensuring the reliable provision of bike and free bike racks is crucial
for the viability of these systems. On the tactical planning level, target ﬁll levels of bikes at stations are determined to provide
reliability in service. On the operational planning level, the BSS operator relocates bikes in vehicles among stations based on target
ﬁll levels. A recent approach in tactical service network design (SND) anticipates relocation operations of BSS by means of a
dynamic transportation model yielding the required demand of relocation services (RS). A RS is described by pickup and return
station, time period, and the number of relocated bikes. RS represent the design decision for implementing a service between two
stations in each period for each day of the system operation. The output of the SND model are the time-dependent target ﬁll levels
at stations and the set of cost-eﬃcient RS to facilitate these target ﬁll levels. However, the existing approach neglects the sequence
of RS into tours, thus leading to a weak anticipation of operational decisions. We extend an existing SND approach by including
the concept of service tours (ST). RS are sequenced in ST which start and end at the depot. Experiments shows that the ST obtained
by the extended SND yield a stronger anticipation of operational decisions.
c© 2015 The Authors. Published by Elsevier B. V.
Selection and peer-review under responsibility of Delft University of Technology.
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1. Introduction
In recent years, shared mobility systems (SMS) have been proposed to tackle the critical problems of metropolises,
e.g., traﬃc congestion and high air pollution. In this context, bike sharing systems (BSS) have emerged as a ﬂexible
and sustainable means of shared mobility. BSS combine the advantages of public and private transportation to better
exploit the given transportation infrastructure.
BSS oﬀer bike rentals through automated rental stations. Each rental station provides a limited number of bikes
and free bike racks for users. Free-of-charge short-term trips are usually oﬀered to motivate the usage of the bike ﬂeet
(Bu¨ttner and Petersen, 2011). However, the acceptance of BSS depends on the service level of the system, i.e., the
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successful provision of bikes and free bike racks when demanded (Shaheen et al., 2010). Rentals at empty stations, as
well as return of bikes at full stations are not possible. Due to spatio-temporal demand variation in combination with
one-way-trips, providing suitable bike ﬁll levels at each station during the day is challenging.
On the tactical planning level, target ﬁll levels need to be determined for each station through the course of the
day, to allow rentals and returns when demanded. Due to the limited capacity of stations, high ﬁll levels increase
rental probability but decrease return probability and vice versa. On the operational planning level, the BSS operator
relocates bikes among stations based on target ﬁll levels. Hence, a vehicle ﬂeet starts tours from the depot, carries
out a sequence of relocation operations, and returns to the depot. Relocation operations and ﬁll levels are interdepen-
dent since bike relocations are required to compensate inadequate ﬁll levels. However, relocation operations result
in signiﬁcant costs, aﬀecting the viability of BSS (Bu¨ttner and Petersen, 2011). Neglecting information on the relo-
cation operations in the tactical planning level leads to suboptimal decisions on ﬁll levels. Therefore, anticipation of
operational decisions is required.
Vogel et al. (2015) proposed a service network design (SND) approach to cover tactical planning issues of BSS.
Relocation operations are anticipated by a computationally tractable dynamic transportation model yielding relocation
services (RS). RS represent the design decision for implementing a service between two stations in a period of the
day of the system operation, e.g., a workday. In addition, demand scenarios are obtained as input for the SND by a
data analysis approach. Thus, typical demand ﬂows between stations are obtained in terms of time-dependent origin-
destination (OD) matrices. In the remind of this paper, we refer to the SND approach proposed by Vogel et al. (2015)
as SND-RS.
However, SND-RS does not sequence the RS into tours. Information about empty trips of vehicles are neglected,
leading to a weak anticipation of operational decisions. Therefore, we extend the SND-RS, adding the concept of
service tours (ST), which leads to a stronger anticipation of operational decisions. In this work, the new SND approach
is called SND-ST.
The remainder of this paper is organized as follows. Recent tactical planning approaches for SMS, including the
SND-RS and their drawbacks, are discussed Section 2. The SND-ST and its MIP formulation are subject of Section
3. In Section 4, SND-RS and SND-ST are compared with regard to the ﬁll levels and their operational anticipation.
Computational experiments show that both SND approaches obtain similar ﬁll levels as tactical decisions whereas the
SND-ST yields extended information in terms of the requirements to manage the vehicle ﬂeet though the ST. Finally,
conclusions and future work are presented in Section 5.
2. Service network design of bike sharing systems
The literature has mainly focused on the strategic and operational planning for SMS. However, literature on tactical
planning is scarce. We present approaches which consider anticipation of operational decisions in the tactical planning
level. Correia and Antunes (2012) present three MIP formulations to maximize the total daily proﬁt of one-way car
sharing systems. In particular, revenue of trips paid by clients, costs of the depot, maintenance and depreciation of
vehicles, and costs of dynamic vehicle relocations are taken into account. Cars are repositioned during the night
to reset initial ﬁll levels. This approach is validated by simulation techniques (Jorge et al., 2012). Sayarshad et al.
(2012) maximize proﬁt in BSS though a LP formulation yielding the minimum number of bikes that minimizes
unmet demand, unutilized bikes, and relocation operations. Boyacı et al. (2015) introduce an optimization framework
for car sharing systems which aims at maximizing their revenue. A MIP formulation considers an imaginary hub
station to reduce the complexity that relocation operation involves in the MIP. Regarding tactical planning without
anticipation of operational decisions, diﬀerent approaches are presented by George and Xia (2011); Raviv and Kolka
(2013); Cepolina and Farina (2012); Schuijbroek et al. (2013); Shu et al. (2013). Recent researches do not suﬃciently
cover the integration of the tactical and operational planning level. Furthermore, most optimization approaches are
intractable for medium and large scale problems. Therefore, Vogel et al. (2015) propose the SND-SR yielding main
tactical issues in addition with a suitable anticipation of operational decisions.
The SND-RS follows the work of Crainic (2000) and Wieberneit (2008) in freight transportation since this ﬁeld
covers most of BSS characteristics. The optimization model takes the form of a MIP which determines target ﬁll
levels at each bike station and time point minimizing the expected cost of RS while ensuring a predeﬁned service
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level. Diﬀerent demand scenarios are generated by a data analysis approach. Hourly aggregation is considered
prudent after preliminary analysis of trip data. Demand scenarios are used as input for the optimization model.
The SND-RS considers a given BSS infrastructure consisting in n bike stations, without loss of generality we
assume N = {1, ..., n}, i ∈ N is called bike station. Each bike station has a limited capacity si, representing the
number of bike racks. In the BSS, a total number of b bikes are available for rentals. Following the aggregation
criteria suggested by Vogel et al. (2015), a workday is discretized in (hourly) time periods and represented by the
set T = {0, 1, . . . , t¯, tmax} including the ﬁrst time period of the next workday tmax. Trip demand, represented by time-
depending origin-destination (OD) matrices, is denoted by fi j,t. To ﬁnd target ﬁll levels Bi,t at each station and time
period in the the BSS, Ri j,t bikes are relocated from station i to station j in time period t. In order to avoid many
bike relocation decisions with low a volume of relocated bikes, a consolidation of Ri j,t to RS RS i j,t is required. RS
are obtained by a computationally tractable dynamic transportation model yielding an anticipation of the relocation
operations. A RS is deﬁned as the transportation of bikes between two stations in a time period by the use of a vehicle.
On each RS, a maximal lot size l of bikes can be relocated. Regarding the anticipation of operational costs, the ﬁxed
costs cti j comprise the travel of a vehicle between to points whereas the variable costs cht represent the handling costs
to relocate a bike in a time period. Thus, cost-eﬃcient RS alleviate bike imbalances providing system reliability from
a user point of view.
Fig. 1. Modeling relocation operations as a dynamic transportation model (SND-RS)
Figure 1 shows how relocation operations are anticipated by SND-RS, represented as a time-space network diagram
with n = 3 bike stations and a scheduling period where tmax = 5 is the last time point. A number of Bi,t bikes are
allocated at each station i ∈ N in a time point t ∈ T . The arrows represent the RS that can be set up when required.
SND-RS modeling supposes that a RS always takes only one time period. For example, a RS departing from station
2 at t = 1 takes one time period and arrives at station 3 at t = 2.
At each bike station and time period, a self-deﬁned service level regarding the minimal number of bikes sbi,t and
free bike racks sbri,t is expected. Despite a large set up of RS, user demand cannot be completely satisﬁed in some
situations, i.e., there are not enough bikes or free bike racks at some stations due to high bike demand or insuﬃcient
infrastructure. Service violation is denoted as the sum of the total missing bikes MBi,t and missing bikes racks MBRi,t
in the system. In addition, the ﬁnal and initial ﬁll level at a station should match due to cyclic demand patterns since
RS are only set up for one given demand scenario. Therefore, allocation violation is deﬁned as the sum of the absolute
values of the diﬀerence between the initial and ﬁnal ﬁll level at each station.
Although the SND-RS formulation is computationally tractable for medium instances in terms of ﬁnding suitable
solutions in a prudent time (Vogel et al., 2014), it neglects both the sequence of the RS into routes and the empty
trips, which a vehicle should make to visit a station with need of a RS. For this reason, the SND-RS leads to a weak
anticipation of operational decisions since a vehicle ﬂeet can not be managed eﬃciently when information about the
empty trips is not provided. Therefore, we propose an extension of the SND-RS by including the concept of ST in the
optimization model.
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3. Extending current service network design approach of bike sharing systems to deﬁne service tours
We present the SND-ST which includes the ST in the SND-RS formulation as a stronger anticipation of operational
decisions. Now, RS are sequenced into services tours. ST are somehow an abstraction of the vehicle ﬂeet meaning
that a capacitated vehicle is assigned to each ST when implemented in the operational planning level. ST start and
end at the initial point, e.g., a depot. A station needs to be visited during the ST to be served by a RS. However, bike
relocations among all visited stations may not be necessary. Therefore, we introduce the concept of empty service
(ES), i.e., a relocations service in which no bikes are relocated. Thus, SND-ST yields cost-eﬃcient ST satisfying the
service level expectations. Figure 2 shows an exemplary ST of the SND-ST. This is the same time-space network
diagram as presented in Figure 1, but now a depot is included. The solid arrows represent RS whereas the dashed
arrows illustrate ES between two stations. Thus, RS with bike relocations are now connected by ES.
Fig. 2. An exemplary ST in the SND-ST
Regarding the optimization model, we denote now N = {0, 1, ..., n} as the set of bike stations, considering a depot
without capacity as i = 0. A maximal number of K ST can be implemented due to a limited number of vehicles.
Sets
• N = {0, 1, ..., n} : set of stations, considering the ﬁrst element of the set as an uncapacitated depot
• T = {0, ..., t¯, tmax} : set of periods, e.g., hours of the day. For resetting the number of allocated bikes at the end
of the day, tmax includes the ﬁrst period of the next day
Decision variables
• Bi,t ∈ R+0 : number of bikes at station i in time period t• Ri j,t ∈ R+0 : relocated bikes between stations i and j in time period t• RS i j,t ∈ {0, 1} : RS (or ES) between stations i and j in time period t
• MBi,t ∈ R+0 : number of missing bikes at station i in time period t• MRi,t ∈ R+0 : number of missing bike racks at station i in time period t
Parameters
• si : size of stations in terms of bike racks at station i
• b : total number of bikes in the system
• fi j,t : bike ﬂow between stations i and j in time period t
• cht : average handling costs of one relocated bike in time period t
• cti j : average transportation costs of a relocation operation between stations i and j
• cm : penalization costs per service violation
• cb : penalization costs per allocation violation
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• l : lot size (capacity) for RS
• sbi,t : bike safety buﬀer at station i in time period t
• sbri,t : bike rack safety buﬀer at station i in time period t
• K : maximal number of ST that can be set up
With the notation, the optimization model reads as follows:
min z =
n∑
i=0
n∑
j=0
t¯∑
t=0
(
cti j · RS i j,t + cht · Ri j,t
)
+ cm ·
n∑
i=1
t¯∑
t=0
(
MBi,t + MRi,t
)
+ cb ·
n∑
i=1
∣∣∣Bi,0 − Bi,tmax
∣∣∣ (1)
subject to
Bi,t+1 = Bi,t +
n∑
j=0
(
f ji,t − fi j,t + Rji,t − Ri j,t
)
, ∀i ∈ N \ {0}, t ∈ T \ tmax (2)
Bi,t −
n∑
j=0
fi j,t +
n∑
j=0
f ji,t −
n∑
j=0
Ri j,t + MBi,t ≥ sbi,t, ∀i ∈ N \ {0}, t ∈ T \ tmax (3)
si − Bi,t −
n∑
j=0
f ji,t +
n∑
j=0
fi j,t −
n∑
j=0
Rji,t + MRi,t ≥ sbri,t, ∀i ∈ N \ {0}, T \ tmax (4)
Ri j,t ≤ l · RS i j,t, ∀i, j ∈ N, t ∈ T \ tmax (5)
n∑
i=1
Bi,t = b, ∀t ∈ T (6)
n∑
j=0
RS 0 j,0 ≤ K (7)
n∑
j=0
RS j0,t¯ ≤ K (8)
RS i j,0 = 0, RS ji,t¯ = 0 ∀i ∈ N \ {0},∀ j ∈ N (9)
n∑
j=0
RS ji,t−1 =
n∑
j=0
RS i j,t, ∀i ∈ N, t ∈ T \ tmax (10)
Bi,t, MBi,t, MRi,t,Ri j,t ≥ 0,RS i j,t ∈ {0, 1} ∀i, j ∈ N, t ∈ T (11)
The objective function (1) minimizes the total cost of relocation tours including recourse costs for penalizing both
service and allocation violation. A RS includes ﬁxed costs and variable costs, deﬁned by the one-time cost for the
particular transport, and the handling costs for each individual bike transported (when required), respectively. The
ﬂow conservation equation (2) shows the number of bikes in each station according to the previous bike ﬂows. Thus,
the number of bikes in a station in a time period depends on the number of bikes, demand ﬂows, and relocated bikes
in the previous period. The availability of bikes and free bike racks is ensured by constraints (3) and (4) when no
service violation exists. On the one side, constraint (3) guarantees a minimal safety buﬀer of bikes. This buﬀer
of bikes should be bigger than the number of allocated bikes minus customer rentals plus returns minus relocation
pickups. On the other side, a minimal safety buﬀer of free bike racks on each station, i.e., the total number of bike
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racks at station minus the number of allocated bikes minus customer returns plus a certain proportion of rentals minus
relocation returns, is guaranteed in constraint (4). If the safety buﬀer of bikes and/or free bike racks cannot be satisﬁed,
potentially missing bikes and/or missing free bike racks are considered to guarantee feasibility. Constraints (3) and (4)
ensure that rented bikes and used bike racks are not available for relocation activities in the particular time period. If
a RS is set up, a maximal lot size of bikes can be relocated (5). All bikes in the system need to be allocated at stations
(6). It is important to highlight that equations (1-6) built the SND-RS. Additional constraints are added to include the
concept of ST in the MIP. In particular, ST start and end in the depot (7-9). A ST has to visit a node before leaving it
(10). Finally, for both SND-RS and SND-ST, decisions to set up RS (or ES) are modeled by binary variables whereas
all other variable sets are non-negative (11).
4. Experimental results
In this section, the aim of the experiment is to evaluate the deﬁned ST, obtained ﬁll levels, and compare them with
the anticipation of SND-RS. Following the experiment set up by Vogel et al. (2015), input data are:
• A BSS which comprises n = 59 bike stations with a total number of 1253 bike racks and a total of b = 627
available bikes means of an 50% of the average ﬁll level. Cluster analysis based on rental activities classiﬁes
bike stations into working, residential, leisure, mixed or tourist.
• A demand scenario with 1569 trips during the workday is considered.
• Time is discretized in terms of tmax = 24 (hourly) time periods.
• We assume that RS and ES take one hour on average.
• Handling costs depend on the time of the day. Between time periods 8 to 17 day-time handling costs are set to
chday = 4AC, while night-time handling costs are chnight = 7AC.
• Transportation costs are assumed to be independent of the time of day and amount to cit = 0.5AC per kilometer.
• The lot size of RS is l = 20.
• Bike and free bike rack safety buﬀers are set to zero for each station and time period.
• Regarding the penalization costs, we consider the allocation violation more critical than the service violation
due to the cycling demand scenario.
• Unlimited capacity to set up RS and ST is considered (K = ∞).
Both SND-RS and SND-RT were implemented in Java using the ILOG Concert Technology to access CPLEX
12.5. An Intel Xeon X7550 CPU at 2GHz processor with 128 RAM was used to run the experiments. All experiments
were run for a maximal running-time of 30 minutes.
Table 1. Comparison of SND-RS and SND-ST
SND-RS SND-ST
Optimality gap 1.98% 68.50%
Relocated bikes 119 120
Relocation services 36 40
Service violation 0 0
Allocation violation 0 1
Empty services Undeﬁned 57
Service tours Undeﬁned 10
Operational costs 496.428 543.295
Table 1 presents the results of comparing the SND-RS and SND-ST instances solved with CPLEX. Based on the
optimality gap, initial tests show that a near-optimal solution can be obtained for the SND-RS instance. The solution
obtained for the SND-ST instance may be far away from the optimal solution. Note that the additional constraints in-
duced by the representation of ST make the SND-ST computationally more challenging. (Meta-)heuristic approaches
may allow to obtain solutions of better quality in a reasonable computation time. Regarding the anticipation of opera-
tional decisions, both SND approaches present similarities in terms of the relocation decisions. In particular, SND-RS
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presents a better consolidation of bike relocations to RS. 4 more RS are set up in SND-ST but only one additional
bike is relocated. In addition, SND-RS yields a solution without penalization costs whereas 1 allocation violation is
obtained by the SND-ST. However, additional information about the number of ST and ES is provided by SND-ST
due to it suggest 10 relocation tours and a total of 57 ES. Therefore, anticipation of operational costs is higher in SND-
ST since SND-RS neglects ES and their associated costs. SND-ST yields thus a stronger anticipation of operational
decisions.
Fig. 3. Time-space network with RS and empty trips set up of SND approaches
As shown in Table 1, there are similarities between both SND approaches with regard to the generated RS. To
observe the RS and ST obtained by the instances, two time-space networks are presented in Figure 3 as a graphical
output illustration of the SND-RS and SND-ST. Full lines illustrate RS and ES are represented by dashed lines. The
thickness of lines indicates the amount of relocated bikes by a RS. The representation is limited to periods 8-17, as RS
only occur in this timespan. A black node represents the depot in the SND-RT. RS with a high volume of relocated
bikes are set up in the peak hours of the morning and afternoon whereas RS with a low volume of relocated bikes
are set up during the rest of the day. However, SND-ST presents less ﬂexibility to set up RS since they should be
preceded by either a RS or an ES. Sometimes, a ST stays in a station in a time period. This situation does not consider
operational costs in the MIP formulation. RS always take one time period. RS deﬁnition results therefore in the
tendency that a ST does not set up two RS successively since the handling cost would be excessive. For instance,
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bikes returned at a station would be intermediately picked up by another RS meaning that bikes are not available
two time periods. Because the setting up of a ST does not implicate costs, a solution with many ES is generated.
Limiting the number of ST and a reformulation of the time-space network, e.g., a RS can take more than one time
period, would generate more eﬀective RS and ST. Regarding the night-time in the SND-ST, all relocation tours stay
in a station between time periods 1 and 7 after having an ES in the ﬁrst time period and before starting the set up of
RS at time period 8. After time period 17, almost all ST return to the depot. Due to symmetries in the time-space
network, the solution quality does not depend on the time period in the night in which the empty trips are set up.
Fig. 4. Boxplots of ﬁll levels per cluster for peak hours
Now, we present and compare the obtained ﬁll levels for both SND approaches. Fill levels are represented in Figure
4 by means of box plots per cluster and time period. A box plot illustrates the distribution of bikes at stations, which
are classiﬁed as a same cluster type. In particular, morning and afternoon peak hours are our focus of attention since
higher user rental activity is presented in these time periods. The obtained ﬁll levels in both SND approaches present
similar patterns. Stations classiﬁed as belonging to the working cluster run with a low ﬁll level in the morning peak
hour and high ﬁll level in the afternoon peak hour. Although ﬁll levels are dispersed in a similar range, i.e., between
0% and 65% in the morning peak hour and between 40% and 85% in the afternoon pick hour, the medians are very
diﬀerent when SND approaches are compared. For instance, more stations run almost empty in the morning peak
hour of the SND-ST resulting in a lower median value than the SND-RS in the same hour. However, average ﬁll
levels are similar, especially in the afternoon peak hour with around 10% diﬀerence. Precisely the opposite patterns
are observed in stations belonging to the residential cluster since they present high ﬁll levels in the morning peak hour
(between 80% and 100%) and low ﬁll levels in the afternoon peak hour (between 0% and 65%). In addition, average
and median ﬁll levels are almost the same. Regarding leisure and mixed stations, an extremely high variance occurs
due diﬀerent trip purposes. Demand at stations of tourist clusters is rather low and therefore these stations are used as
”buﬀer stations”, i.e., they run full or empty to compensate ﬁll levels in near stations. However, tourist cluster stations
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are few, and therefore the boxplot is not representative with this cluster type. We assume that due to our low solution
quality obtained for the SND-ST, big improvements can be achieved with regard to the ﬁll levels. In addition, diﬀerent
scenarios, e.g., a limited number of ST, can aﬀect the ﬁll levels.
5. Conclusions and future work
In this paper, we have extended the SND-RS including the concept of ST as a stronger anticipation of operational
decisions. ST consider indirectly the vehicle ﬂeet since a capacitated vehicle is assigned to each ST when they are
implemented. SND-ST suggests a vehicle ﬂeet size which fulﬁlls user expectations and almost matches initial and
ﬁnal ﬁll levels at stations. Additional constraints in the MIP formulation make the SND-ST more challenging from
a computational point of view. Experiments show similarities in the set up of RS. RS are concentrated during the
day, especially in the morning and afternoon peak hours. We prove that SND-RS yields applicable ﬁll levels since ﬁll
levels obtained thought the SND-ST present similar patterns.
It is up to future research to design of sophisticated search techniques in order to ﬁnd better-quality solutions for
the SND-ST. For instance, if outputs of the SND-RS, e.g., RS, ﬁll levels, can speed up the searching process in the
SND-RT. An adapted version of the hybrid metaheuristic, which obtains good-quality solutions for the SND-RS in
Vogel et al. (2014), can be adapted to the SND-ST. In addition, limited number of ST should be considered since the
real-world BSS have a determined number of vehicles.
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